The ability to select and combine multiple sensory inputs in support of accurate 12 decisions is a hallmark of adaptive behaviour. Attentional selection is often needed to 13 prioritize stimuli that are task-relevant and to attenuate potentially distracting sources of 14 sensory information. As most studies of perceptual decision-making to date have made use 15 of task-relevant stimuli only, relatively little is known about how attention modulates 16 decision making. To address this issue, we developed a novel 'integrated' decision-making 17 task, in which participants judged the average direction of successive target motion signals 18 while ignoring concurrent and spatially overlapping distractor motion signals. In two 19 experiments that varied the role of attentional selection, we used linear regression to 20 quantify the influence of target and distractor stimuli on behaviour. Using 21 electroencephalography, we characterised the neural correlates of decision making, 22 attentional selection and feature-specific responses to target and distractor signals. While 23 targets strongly influenced perceptual decisions and associated neural activity, we also 24 found that concurrent and spatially coincident distractors exerted a measurable bias on 25 both behaviour and brain activity. Our findings suggest that attention operates as a real-26 time but imperfect filter during perceptual decision-making by dynamically modulating the 27 contributions of task-relevant and irrelevant sensory inputs. 28
discrimination follows a trajectory that resembles the accumulation of a decision variable, 48 thereby lending neurobiological support to sequential-sampling decision-making models. 49
To date, much has been learned about simple perceptual decision-making in humans 50 and other animal species (Hanks & Summerfield, 2017; O'Connell et al., 2018; Summerfield 51 & Tsetsos, 2015) . In the real world, however, decisions are often more complex, requiring 52 judgements on stimuli that are separated in time and space, and which may or may not be 53 task relevant. For example, deciding to cross a busy road requires us to integrate the motion 54 5 Conceptually, selection and accumulation could take place sequentially so that only 78 prioritised, task-relevant input is accumulated. Alternatively, the two processes could take 79 place in parallel, so that task-irrelevant inputs might also impact upon evidence 80 accumulation to some extent, particularly in the early stages of attentional selection. 81
Studies on visual attention have repeatedly shown robust behavioural and neural 82 costs when task-irrelevant, distracting stimuli are presented together with task-relevant 83 target stimuli (e.g., S. K. Andersen & Müller, 2010; Eriksen, 1995; Theeuwes, 1992) . While 84 the literature agrees that attentional selectivity is imperfect, relatively little is known about 85 the effects of attention on the dynamics of evidence accumulation. When both target and 86 distractor signals are present, attention might influence decision making in at least two 87 ways. On the one hand, target and distractor stimuli could each trigger a separate decision-88 making process, in which case attention would modulate the probability with which the two 89 processes drive behaviour. On the other hand, if attention operates as a filter between 90 sensory input and evidence accumulation, it would be expected to modulate the degree to 91 which target and distractor signals are accumulated into a single decision variable. The 92 critical distinction between these two accounts relates to the content of decision variable. In 93 the former case, the decision variable could reflect either the target or distractor signal, 94 whereas in the latter it would be a mixture of both target and distractor signals. 95
In the present study, across two experiments, we used random-dot displays 96 comprising two simultaneous, intermingled fields of dots, one in a cued (target) colour, the 97 other in an uncued (distractor) colour (see Fig. 1 ). Past research has suggested that the 98 number of targets may influence the effectiveness of attentional selection (Frătescu, Van 99 6 Olivers, 2014). Motivated by these findings, we wanted test whether and to which extent 101 the complexity of attentional set influences evidence accumulation. To that purpose, in 102 different blocks of trials, we cued our participants to monitor for either a single target 103 colour (e.g., blue) or two target colours (e.g., blue and yellow). In each trial, participants 104 were presented with successive epochs of dot motion (each containing the two overlapping 105 dot fields, one in the target colour and the other in a distractor colour). At the end of the 106 trial, participants' were instructed to reproduce the average target motion direction, 107 ignoring the directions of the concurrent distractor-dot fields. Thus, for example, if target 108 motion direction was 90° for the first display and 110° for the second, the average motion 109 direction would be 100°. Participants made their responses on a continuous scale by 110 rotating a dial to match their judgement of the average motion direction of the two targets. 111
This approach enabled us to characterise the precision with which participants integrated 112 the two target signals and to separate noisy target responses from random guesses using 113 mixture distribution modelling (Schneegans & Bays, 2016) . Finally, a continuous nature of 114 our response variable enabled us to use linear regression to quantify the degree to which 115 presented target and distractor motion signals influenced the responses. 116
In addition to these behavioural measures, we recorded participants' neural activity 117 using electroencephalography (EEG). We focused in particular on the temporal dynamics of 118 decision processes as reflected in the central-parietal positivity (CPP). Previous research has 119 shown that only task-relevant stimuli evoke the CPP (Loughnane et al., 2016) and that the 120 CPP is observed even when no response is required (Twomey et al., 2016) The University of Queensland (Approval 2016001247), and was conducted in accordance 134 with the Human Subjects Guidelines of the Declaration of Helsinki. Participants provided 135 written informed consent prior to taking part in the study. 136
Stimuli, task and procedure. At the beginning of each trial of Experiment 1, a central 137 disk, shown for 1 s, cued participants to the target colour ( Fig. 1a ). In separate blocks of 138 trials, participants were cued to look for either one target colour (e.g., blue), or two 139 different target colours (e.g., blue and yellow). The cue was followed by a .5 s buffer period 140
showing a field of 80 grey, randomly-moving dots. Then, over a 1.5 s period, the dots' colour 141 saturation gradually increased before returning to grey. The increase in saturation revealed 142 two overlapping, coloured-dot patches moving in different directions. Each trial comprised 143 three epochs of colour modulation -in two of these epochs, one dot patch was rendered in 144 the target colour, and the other appeared in a distractor colour. In the remaining ("no 145 target") epoch, neither of the patches had a target colour. Target patches were displayed 146 8 equally often in the first, second and third epochs of a trial. Participants were asked to 147 monitor successively presented epochs and to indicate the average direction of target-148 motion events at the end of the trial using a response dial. A response feedback symbol 149
showing the correct answer was presented after every trial. Participants were instructed to 150 prioritise response accuracy over response speed, and the response times were not 151 analysed further. Participants completed 30 practice trials followed by six blocks of 44 trials 152 (264 trials in total) which took approximately one hour. 153
In Experiment 1, dot-motion was generated at a suprathreshold level (40% 154 coherence), with a speed of 19°/s, 100 ms dot-life, and with different signal-dots across 155 frames and random-walk noise-dots (Scase, Braddick, & Raymond, 1996) . Although 156 coherent motion was present throughout the epoch, different motion directions were 157 discernible only at higher colour saturations. The motion directions were uniformly sampled 158 from a 0°-359° range in 1° steps, with the target-distractor and target-target difference 159 remaining within ±30°-150°. Five easily distinguishable colours were selected in the HSL 160 colour-space with a minimum hue difference of 72° and medium saturation and brightness 161 (both 50). Two randomly-selected colours served as targets and two as distractors. In two 162 target-colour trials, there was an equal number of trials in which the target colour repeated 163 or changed between two target-present epochs within the trial. 164
Apparatus. The experiments were conducted in a dark, acoustically and 165 electromagnetically shielded room. The stimuli were presented on a 24" monitor with 166 1920´1080 resolution and a refresh rate of 144 Hz. The experimental software was custom-167 coded in Python using the PsychoPy toolbox (Peirce, 2007 (Peirce, , 2009 ). EEG signals were recorded 168 9 using 64 Ag-AgCl electrodes (BioSemi ActiveTwo) arranged in the 10-20 layout, and sampled 169 at 1,024 Hz. 170
Behavioural analyses. To identify outlier participants, the distributions of error 171 magnitudes (i.e., the angular difference between the response and the correct answer) 172 were compared to a uniform distribution (i.e., pure guessing) using the Kolmogorov-Smirnov 173 test. Participants for whom the probability of the null hypothesis (i.e., a uniform distribution 174 of error magnitudes) exceeded .001 were removed from further analyses. 175
The remaining distributions per experimental condition and per participant were 176
fitted to a theoretical model (Schneegans & Bays, 2016) , and responses were separated into 177 noisy target responses and random guesses. We estimated two parameters per participant 178 and experimental condition: (i) the response precision of the target responses (K parameter) 179 and (ii) the guessing rates (a). 180
Finally, we quantified the degree to which presented motion signals influenced the 181 response. To that purpose, a multiple linear regression (OLS) model with a term for each of 182 the presented motion directions, expressed as complex numbers, was fitted to the 183 responses, separately per participant and experimental condition. Transforming the angles 184 into complex numbers was necessary, as both our independent and the dependent 185 variables were circular variables. We could not use real values, because real-valued linear 186 regression would treat the 0° and 360° angles as different even though the two are in fact 187 alternative representations of the same angle. The absolute value of the resulting regression 188 coefficients reflects the influence of each of the presented coherent motion signals on the 189 response, i.e., its decision weight. As the decision weights were always positive, we used 190 permutation testing (10,000 permutations) to generate the empirical null distribution 191 against which the empirical decision weights were tested. 192 EEG analyses. EEG signals were analysed using the MNE-Python toolbox (Gramfort et 193 al., 2013) . The data were re-referenced offline to the average electrode, low-pass filtered at 194 99 Hz and notch-filtered at 50 Hz to eliminate line noise. The recorded signal was pre-195 processed using the FASTER algorithm for automated artefact rejection (Nolan, Whelan, & 196 Reilly, 2010). The pre-processed signal was down-sampled to 256 Hz, segmented into 197 epochs between the cue-onset and the response-display onset, baseline-corrected relative 198 to -.1-0 s pre-trial and linearly de-trended. Outlier epochs and participants were identified 199 using the FASTER algorithm and removed from further analyses. 200
The CPP was computed by averaging Cz/CPz electrodes across trials. Each epoch 201 within a trial was extracted from the onset of the increase in colour saturation and baseline-202 corrected relative to a common baseline during -.1-0 s, averaged across all epochs. We 203 quantified the CPP onset latency, slope and peak amplitude. The peak CPP amplitudes were 204 identified using the jackknife-method (Ulrich & Miller, 2001 ). Using the same method, the 205 CPP onset latencies were computed at 50% peak amplitude. The CPP slopes were computed 206 as the amplitude difference between -.05 s and .05 s relative to the ERP onset, and divided 207 by .1 s so as to yield µV/s. 208
To characterise feature-specific neural responses to coherent motion, we used a 209 multivariate analysis approach described previously ( If the test epoch contains feature-specific signals, the similarity matrix should 228 contain the largest values for bins with the smallest angular difference relative to the test 229 direction (e.g., ±15°), and the smallest values for bins with the largest difference (e.g., 230 ±180°). In a final step, we computed an aggregate measure of motion-specific response (i.e., 231 motion tuning) by convolving the similarity matrix with a vector of cosine-transformed bin 232 centres ( * = cos ( # ) • #×* ). This non-parametric measure provides a robust 233 index of feature-specific brain responses. It returns a value of zero when the similarity is the 234 same across all bins and increases gradually with sharpening of the similarity profile across 235
bins. 236
Results 237
To quantify how well participants could perform the task, we used mixture 238 distribution modelling to estimate the response precision (K) and guessing rates (a) per 239 participant and experimental condition. Initial analyses showed no differences between 240 repetitions and changes of target colour within a trial (all ts < 1), so these two trial types 241 were averaged for further analyses. The average response precision was high both in the 242 one-and two-target colour conditions (KM/SEM = 10.52/1.70 and 11.79/2.08), and did not 243 differ significantly between conditions (F < 1). Overall, the full-width-at-half-maximum 244 (FWHM) of the fitted distribution of target responses was around 40°. For reference, the 245 average tuning width of individual neurons in macaque area MT is about 60° FWHM (Treue, 246 Hol, & Rauber, 2000). The average guessing rates (a) were around 26%, and did not change 247 across experimental conditions (F < 1). 248
To quantify how much each of the presented target and distractor signals influenced 249 observers' average-motion decisions, we used linear regression modelling with complex-250 valued data (see Methods). The decision weights for all motion signals in all experimental 251 conditions were significantly different from zero (all p < .001), indicating that both task-252 relevant and task-irrelevant signals contributed to the decision. As with the mixture 253 distribution modelling, initial analyses of decision weights revealed no significant 254 differences between target colour repetitions and changes (all Fs < 1.97, all ps > .170), so 255 the two conditions were averaged for further analyses. Overall, the weights for targets 256 (M/SEM = .44/.01, Fig. 1c ) were much higher (F2,64 = 326.80, p < .001, h -D = .91) than the 257 weights for either concurrently presented distractors (.19/.01) or distractors presented on 258 their own (.13/.01). Unexpectedly, there was also a reliable order effect, with higher target 259 13 weights for the first epoch than for the second (.50/.01 vs. .38/.02, t32 = 4.74, p < .001); 260 analogously, distractor weights were lower for the first epoch than for the second (.14/.01 261 vs. .23/.01, t32 = 4.68, p < .001). Overall, the decision weight analyses revealed that 262 distractors, presented both with and without the target, contributed significantly to the 263 response, albeit to a lower degree than target motions. 264 The whole-trial epochs were then divided into three segments relative to the onset 286 of colour saturation modulation, and baseline-corrected relative to the average of all three 287 epochs over a window of 100 ms prior to onset. Thus, all three epochs had the same 288 baseline, permitting comparisons between them. The epochs were then sorted according to 289 experimental conditions (first target, second target, no target; one-and two-target colours) 290 and averaged across trials ( Fig. 2c ). As we observed no effects of target colour repetitions 291 vs. changes (all Fc < 1), all subsequent analyses were conducted using the average of these 292 two trial types. 293
Overall, there was a statistically significant positive deflection in all experimental 294 conditions (Fig. 2c ). The onset latency (522 ms) and the CPP slope (3.31 µV/s) were similar 295 across experimental conditions (all Fc < 1), suggesting that the rate of evidence 296 accumulation did not differ between conditions. The peak CPP amplitude, however, Taken together, the results of Experiment 1 revealed strong effects of selective 314 attention on decision-making. Behaviourally, target signals were associated with 315 significantly larger decision weights than distractors. At the neural level, attention had a 316 robust effect on the peak CPP amplitude, with higher peaks for target-present epochs than 317 for no-target epochs. Importantly, however, neither the CPP onset nor the slope differed 318 between target-present and no-target epochs, suggesting that both task-relevant and task-319 irrelevant inputs triggered a process related to decision making. There was a robust and 320 significant influence of distractor events on behaviour, suggesting that attention attenuates 321 but does not fully suppress irrelevant inputs during integrated decision making. Significant 322 distractor weights and the CPP ERP in the no-target epoch are consistent with the 323 hypothesis that both target and distractor signals are integrated into a single decision 324 variable. 325
In Experiment 1, we used an increase in colour saturation to gradually reveal to 326 participants the task-relevance of the overlapping motion stimuli, and to render the 327 coherent motion signals discernible. While this design was clearly effective for measuring 328 the impact of distractors on decision making, it is possible that attentional filtering of 329 distractors might have been more successful if participants had been given an opportunity 330 to fully select the task-relevant stimuli (i.e., dot fields in the cued target colour) prior to the 331 onset of coherent motion events. To test this hypothesis, in Experiment 2 the trial epochs 332 were structured so that the colours of the dot stimuli reached full saturation prior to the 333 onset of coherent motion events, thus effectively separating selection-related and 334 response-related signals in time. 335
Experiment 2 336

Materials and Methods 337
Participants. 36 healthy volunteers (20 females, average age 22.4 ± 4.4 years) 338 participated in the study. All had normal or corrected-to-normal visual acuity and normal 339 colour vision. Based on the same criteria as in Experiment 1, five participants were 340 identified as outliers and removed from further analyses, leaving 31 participants in total. All 341 other details were the same as in Experiment 1. 342
Stimuli, task and procedure. In Experiment 2 ( Fig. 3a) , the colour saturation 343 increased rapidly (.25 s) from grey to full saturation, and remained at maximum saturation 344 for 1 s. Coherent motion events were presented for .5 s during the maximum saturation All other analyses were the same as in Experiment 1. 374
Results 375
The behavioural results of Experiment 2 were qualitatively similar to those of 376 Experiment 1, with a continuous unimodal distribution of error magnitudes centred at 0 377 ( Fig. 3b ). Initial analyses revealed no effect of repetitions vs. changes in the target colour (all 378 ts < 1), so all subsequent analyses used the average of the two. Response precision (Fig. 3b ) 379 was high and comparable between one-and two-target colour trials (K/FWHM = 7.96/48° 380 19 and 7.37/50°, respectively, F1,30 = 2.37, p = .134). The guessing rates were low and virtually 381 identical for one-and two-target colour trials (ca. 12%, F < 1). 382 
391
Analyses of decision weights revealed that both target and distractor signals 392 contributed to the average motion-direction response in all conditions (all p < .001). The 393 weights (Fig. 3c) for targets, however, were seven times higher than those for distractors 394 (.56/.01 and .08/.01, respectively, F1,30 = 1,845, p < .001, h -D = .98). The serial order effect 395 from Experiment 1 was replicated, with higher decision weights for the first epoch than for 396 20 the second, both for targets (.58/.01 vs. .54/.01, t30 = 3.06, p = .004) and distractors (.09/.01 397 vs. .07/.01, t30 = 3.32, p = .002). Finally, there was no significant difference between one-and 398 two-target colour trials, either as a main effect or in combination with the other factors (all 399 F ≤ 1.35, all p ≥ .254). 400
We next characterised the time-course of the CPP. The ERP topography (Fig. 4a) in 401 Experiment 2 was broadly consistent with that of Experiment 1, showing a central-medial 402 positivity. The time-course of the CPP (Fig. 4b ) throughout the trial closely followed the 403 modulation of colour saturation, peaking sharply around .8 and 2.8 s and decaying quickly 404 thereafter. There was also a second modulation, broadly coinciding with the coherent 405 motion onsets (at around 1.5 and 3.5 s), which, due to the jittered timing of the motion 406 onsets, rose and fell more slowly than the colour-evoked components. 407
Analyses of the CPP (Fig. 4c) 13.34 µV/s, Fc(1,30) = 3.23, p = .083) and a higher peak amplitude (1.95 and 1.42 µV, Fc(1,30) = 412 6.40, p = .017). In the second epoch, dividing attention between two target colours yielded a 413 significantly higher peak amplitude for two-versus one-target colour trials (1.56 and 1.29 414 µV, respectively; tc(1,30) = 2.30, p = .029) . Analyses of motion-locked CPPs, by contrast, 415 revealed no significant differences in onset latency (270 ms), slope (9.44 µV/s) or peak 416 amplitude (1.27 µV) between experimental conditions (all Fc <= 1.44, all ps >= .240). Overall, 417 the ERP analyses of Experiment 2 suggest that discerning the task-relevant colour patch (i.e., 418 selection-relevant feature) and the coherent motion direction (i.e., response-relevant 419 21 feature) both engaged decision-making processes to some degree. Further, as only the 420 colour-locked CPP differed between the first and second epoch, it appears that the serial 421 order effect observed in both Experiments 1 and 2 was more closely related to processing of 422 colours rather than processing of the motion signal itself. 423 424 
430
To independently characterise the brain's response to target and distractor signals, 431 we next analysed the amplitude of SSVEP responses elicited by the frequency-tagged 432 22 motion stimuli. There was a strong (»2 dB) frequency-specific response which peaked at the 433 Oz electrode over the occipital pole (Fig. 5a,b ). Time-frequency analyses revealed that the 434 power of both target and distractor signals was significantly different from zero throughout 435 the trial (all pFDR-corrected < .05). Moreover, the power was similar for target and distractor 436 patches prior to the increase in colour saturation in both the first and second epochs (Fig.  437 5c). 
451
As the colour saturation increased, there was a transient decrease in power for the 452 two patches in both the first epoch (around .5 s) and the second (around 2.5 s). Whereas 453 the power for target patches in both epochs recovered quickly (Fig. 5d, upper panels) , the 454 power for distractor patches remained unchanged throughout the epochs (Fig. 5d, lower  455 panels), yielding a robust effect of task-relevance (average power: .24 and .10 dB for target 456 and distractor patches, respectively, F1,30 = 11.64, p = .002, h -D = .28). Finally, the SSVEP power 457 was comparable across the first and second epochs, and across one-and two-target colours 458 (all F ≤ 1.25, all p ≥ .272). 459
Analyses of feature-specific brain responses 460
In a final analysis, we characterised the strength of feature-specific brain responses 461 to coherent motion events in both Experiments 1 and 2 (Fig. 6a,b) . Inspection of the motion 462 tuning in Experiment 1 revealed a phasic response to both target and distractor motion 0-.5 463 s after the onset of coherent motion. During the following 1 s period, a feature-specific 464 response developed gradually, peaking at around 1.5 s. Interestingly, throughout the epoch, 465
motion tuning was comparable for the target and distractor motion directions. To test the 466 effect of stimulus type (target vs distractor) on tuning strength, we conducted stepwise 467 24 linear mixed effects modelling with participant as a random effect, separately for each time 468 sample. In the first step, the model included only the average tuning strength per sample 469 (the intercept). In the second step, the stimulus type (target vs distractor) was added as a 470 fixed effect, and the increase in the goodness-of-fit between different models (Intercept 471 only vs Intercept + Stimulus) was assessed using a log-likelihood ratio test. The resulting p-472 values for all time samples were corrected for multiple comparisons (FDR-correction). The 473 modelling revealed overall significant tuning at around .25 s and 1.5 s (Fig. 3a, lower 
483
Inspection of motion tuning in Experiment 2 revealed strong tuning to target motion, 484 starting from around .2 s after the onset of coherent motion. By contrast, tuning to 485 distractor motion was negligible throughout the epoch. These observations were confirmed 486 by a stepwise LME model which revealed both strong motion tuning overall (the intercept) 487 and a strong effect of stimulus (target vs distractor). Relative to the tuning analyses 488 conducted in Experiment 1, tuning to target motion direction in Experiment 2 was roughly 489 four times stronger, consistent with the paradigm differences between experiments. More 490 specifically, whereas in Experiment 1 participants had to concurrently select the task-491 relevant dot field and discern its motion direction, in Experiment 2 they could first select the 492 target field and then dedicate themselves to processing motion direction. 493
Overall, the results of the motion tuning analyses in Experiments 1 and 2 are broadly 494 consistent with the behavioural decision weights in the two experiments. In Experiment 1, 495 the behavioural target weights were four times stronger than the distractor weights, 496 whereas in Experiment 2 target weights were around seven times stronger. Similarly, the 497 tuning strength was overall numerically lower in Experiment 1 than in Experiment 2. These 498 results suggest that providing additional time for attentional selection (as in Experiment 2) 499 increases the precision with which task-relevant features are represented and decreases the 500 influence of concurrently presented task-irrelevant features. 501
Discussion 502
The goal of the present study was to characterise the behavioural and neural 503 processes associated with making integrated perceptual decisions. Unlike simple perceptual 504 decision-making (Forstmann et al., 2016; Gold & Shadlen, 2007; Ratcliff et al., 2016) , which 505 requires judgments on a single, task-relevant stimulus, our decision-making task involved 506 26 selective processing of target signals in the presence of distractors, and required integration 507 of sensory evidence over an extended time period within a trial. The two main questions we 508 sought to address in this study were: (i) whether attentional selection and decision making 509 take place in parallel or sequentially, and (ii) whether task-relevant and task-irrelevant 510 sensory inputs are accumulated into a single decision variable. 511
To characterise the role of selective attention in decision making, we used mixture 512 distribution modelling and regression analyses. To characterise the neural correlates of 513 decision-making, we used a widely accepted correlate of decision making in humans, the 514 centro-parietal positivity (CPP) component (Hanks & Summerfield, 2017; O'Connell et al., 515 2018; Spitzer et al., 2017) . To monitor processing of different, task-relevant and task-516 irrelevant sensory inputs, in Experiment 2 we flickered stimuli at different frequencies and 517 measured SSVEPs to targets and distractors. Finally, to characterise feature-specific brain 518 responses to coherent motion direction, we used a multivariate analysis approach that was 519 successfully used in the past to characterise feature-specific responses in a variety of tasks 520 (Ede et al., 2018; Wolff et al., 2017) . 521
In Experiment 1, there was a measurable CPP in no-target epochs, coupled with a 522 robust and significant effect of distractor motion signals on behaviour. Taken together, 523 these results suggest that participants were unable to suppress distractor signals from being 524 accumulated into the decision variable. Importantly, both the peak CPP amplitude and the 525 decision weights in the no-target epochs were lower than the CPP amplitude and target 526 weights in target-present epochs, suggesting that selective attention modulated the 527 contribution of distractor motion to decision making. Consistent with Experiment 1, the 528 neural responses to distractors in Experiment 2, while significantly smaller than those to 529 27 targets, were not completely suppressed and remained stable over the period during which 530 target and distractor patches were discernible within the trial. There was also a statistically 531 significant distractor effect on responses, albeit smaller than the distractor effect in 532 Experiment 1. Finally, we also observed qualitative differences between Experiments 1 and 533 2. Specifically, the behavioural target weights were numerically higher and the distractor 534 weights numerically lower in Experiment 2 than Experiment 1. Similarly, the motion tuning 535 analyses revealed a significant difference in tuning to target and distractor motion 536 directions in Experiment 2, whereas there was no such difference in Experiment 1. 537
Taken together, the results of the two experiments suggest that: (i) selective 538 attention unfolds in parallel with evidence accumulation, and that (ii) both target and 539 distractor signals are accumulated into a single decision variable. As attentional selectivity 540 increases, distractor inputs are attenuated. Importantly, our findings demonstrate that 541 attention does not completely suppress the accumulation of task-irrelevant sensory input. 542
The differences between Experiments 1 and 2 can be parsimoniously explained by 543 differences in the experimental paradigm: in Experiment 1, coherent motion onset within 544 each trial coincided with modulation of colour saturation, whereas in Experiment 2 motion 545 onset followed modulation of colour saturation. Assuming that attentional selectivity at the 546 onset of coherent motion differed between experiments accounts for the discrepancies 547 between decision weights and motion tuning in a straightforward way. 548
Overall, the results of the present study are consistent with the notion that sensory 549 evidence accumulates in parallel (rather than sequentially) with an increase in selectivity for 550 task-relevant features. Computational modelling of response speed and accuracy in the 551 classic flanker task -in which target and distractor stimuli are presented concurrently at 552 28 different spatial locations (e.g., Eriksen, 1995) -has shown that similar principles apply to 553 selectivity for task-relevant locations (White et al., 2011) . Of note, in a recent study Wyart et 554 al. (2015) had participants report the average orientation of one of two spatially separated 555 streams of achromatic gratings. Unlike the present study, decision weights for the spatially 556 separated distractors in their study were statistically indistinguishable from zero. While 557 differences in experimental tasks and analytical approaches prevent direct comparisons 558 between our study and that of Wyart et al. (2015) , the two sets of findings suggest that 559 space-and feature-based filtering of sensory inputs during evidence accumulation may 560 exhibit different properties. Specifically, sensory evidence accumulation might be restricted 561 to a finite region of space so that under conditions in which signals are sufficiently 562 separated they engage independent accumulators. 563
Interestingly, across both the current experiments, having participants divide 564 attention between two potential target colours yielded no behavioural cost relative to 565 having them focus on a single target colour. In addition, there was no evidence of a cost for 566 switching between target colours across two epochs, compared with trials in which the two 567 colours repeated. Since in the present study the target colour patches were rendered 568 increasingly visible over a prolonged time interval and the responses were not speeded, it is 569 possible that our paradigm was insensitive to potential behavioural costs of dividing 570 attention (but see, e.g., Eimer and Grubert, 2014; Grubert et al., 2017) . On the other hand, 571 the neural correlates of decision making, as characterised by the onset latency, slope, and 572 peak CPP amplitude, were consistent with the behavioural findings: the CPP time-traces 573 were virtually identical for one-and two-target colour trials in both experiments. As the 574 29 specifics of our experimental design prevent any strong conclusions, these findings call for 575 further investigation. 576
In both experiments, we also found a significant serial order bias with higher 577 decision weights for the first target epoch relative to the second. In Experiment 1, higher 578 target weights were accompanied by lower distractor weights, whereas in Experiment 2 the 579 weights for both target and distractor signals were higher in the first than the second epoch. 580
This primacy effect was not expected and, in fact, studies using similar paradigms have 581 typically reported either no order effects or even the opposite, recency effects (Cheadle et 582 al., 2014; Wyart, de Gardelle, Scholl, & Summerfield, 2012; Wyart et al., 2015) . Mirroring 583 the behavioural primacy effects, the colour-locked peak CPP amplitude in Experiment 2 was 584 higher for the first than the second epoch. By contrast, analyses of the motion-locked CPP 585 revealed no order effects. These results suggest that the primacy effects might be related to 586 processing colours rather than motion. Since previous studies did not modulate attention-587 related signals in the way we did here, the primacy effects we observed are not necessarily 588 inconsistent with the literature. Further studies will be necessary to characterise this effect 589 in more detail. 590
The motion averaging task we have introduced here has potential as a tool for 591 investigating the mechanisms underlying more complex, integrated decision-making. 592
Dynamic weighting of individual decisions to inform a single, integrated decision is 593 ubiquitous in daily life: for example, when deciding whether or not to cross a busy road. In 594 our task, individual motion signals are uncorrelated and, considered in isolation, are not 595 predictive of the final decision. Hence, the averaging task permits independent 596 parameterisation of both simple and integrative decision-making processes in a 597 30 straightforward and well characterised motion discrimination task. Using neuroimaging 598 methods with high spatial resolution such as fMRI, future studies could identify the brain 599 areas involved in simple decision-making, on the one hand, and integrative decision-making, 600 on the other. Using this task to characterise decision-making across the lifespan or in clinical 601 groups could also shed light on the development of integrative decision-making abilities 602 which are a hallmark of adaptive, intelligent behaviour. 603 604
